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Abstract In spite of the importance of stream network dynamics for hydrology, ecology, and
biogeochemistry, there is limited availability of analytical tools suitable for characterizing the temporal
variability of the active fraction of river networks. To fill this gap, we introduce the concept of Stream Length
Duration Curve (SLDC), the inverse of the exceedance probability of the total length of active streams.
SLDCs summarize efficiently the effect of hydrological variability on the length of the flowing streams under
a variety of settings. A set of stochastic network models is developed to link the features of the local
hydrological status of the network nodes with the shape of the SLDC. We show that the mean network
length is dictated by the mean persistency of the nodes, whereas the shape of the SLDC is driven by the
spatial distribution of the local persistencies and their network‐scale spatial correlation. Ten field surveys
performed in 2018 were used to estimate the empirical SLDC of the Valfredda river (Italy), which was
found to be steep and regular—indicating a pronounced sensitivity of the active stream length to the
underlying hydrological conditions. Available observations also suggest that the activation of temporary
reaches during network expansion is hierarchical, from the most to the least persistent stretches. Under
these circumstances, the SLDC corresponds to the spatial Cumulative Distribution Function of the nodes
persistencies. The study provides a sound theoretical basis for the analyses of network dynamics in
temporary rivers.

1. Introduction

A significant fraction of the global river network includes temporary streams—that is, streams that are active
only during certain seasons of the year or after precipitation events (Downing et al., 2012; Skoulikidis et al.,
2017; Tooth, 2000). Intermittent streams are observed across a variety of climatic settings, from the humid
headwater catchments in the Alps or North‐Eastern United States to semiarid regions, where most rivers
experience flow only episodically. Intermittent and ephemeral rivers are especially valuable as they support
a unique high‐biodiversity and, therefore, require the development of ad hoc classification and monitoring
strategies (McDonough et al., 2011; Skoulikidis et al., 2017) that would benefit from the development of gen-
eral statistical tools for the characterization of active stream network dynamics.

In spite of the recognized ecological and hydrologic relevance of stream dynamics, historically river
networks have been long considered as static components of catchments. In the last years, however, tem-
porary and ephemeral streams have gained increasing attention from the scientific community. Many
experimental studies have been conducted in different regions of the World to quantify event‐based
and seasonal dynamics of the active stream network (Agren et al., 2015; Blyth & Rodda, 1973; Day,
1978; Datry et al., 2016; Doering et al., 2007; Durighetto et al., 2020; Godsey & Kirchner, 2014;
Goulsbra et al., 2014; Gregory & Walling, 1968; Jaeger et al., 2007; Jensen et al., 2017, 2019; Lovill et al.,
2018; Malard et al., 2006; Peirce & Lindsay, 2015; Roberts & Klingeman, 1972; Shaw, 2016; Shaw et al.,
2017; van Meerveld et al., 2019; Whiting & Godsey, 2016; Zimmer & McGlynn, 2017). These field surveys
revealed that stream network expansion/contraction generated by climate variability represents a general
rule rather than an exception, and a major fraction of the existing drainage network is, in most circum-
stances, dynamical (e.g., Datry et al., 2014).

The implications of stream dynamics extend far beyond hydrology. The shape and the length of the active
stream network, in fact, represents a key determinant of a variety of ecological and biogeochemical processes
such as biological dispersion, nutrient spiraling and CO2 outgassing (e.g., Arthington et al., 2014; Basu et al.,
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2011; Bernal & Sabater, 2008; Bertuzzo et al., 2017; Botter et al., 2007; Butturini et al., 2008; Datry et al., 2017;
Garbin et al., 2019; Jaeger et al., 2014; Larned et al., 2010; Marzadri et al., 2017; Peterson et al., 2001; Steward
et al., 2012; Sarremejane et al., 2017). Therefore, an objective quantification of the time variability of the
active stream length across scales is recognized as a key issue in biogeochemistry and environmental
sciences (Costigan et al., 2016; Datry et al., 2014).

In spite of the improved insight on the major causes and consequences of stream network dynamics, to date
there is a limited availability of analytical tools with general applicability that are suitable to objectively
characterize the magnitude and the extent of river network variability through time. To date, the outcome
of experimental surveys is usually represented by a set of active stream network maps characterized by dif-
ferent scales and resolutions (e.g., Jensen et al., 2018; Shaw et al., 2017), complemented by a variety of sta-
tistical analyses of relevant stream attributes (e.g., stream length, discharge, number of flow origins, and
connectivity). Consequently, due to the heterogeneity of the available data sets, comparative analyses and
quantitative syntheses of the observed patters of river network dynamics across different geographic areas
are lacking. On the other hand, currently available definitions of ephemeral and intermittent water courses
are often qualitative (e.g., Datry et al., 2016; Jensen et al., 2017; Wiginton et al., 2005). Therefore, compara-
tive studies would be helpful for the development of general criteria for the classification of temporary water-
courses and the identification of targeted policy actions.

With the above premises, in this paper we address the following major research question: how can stream
network dynamics be efficiently and objectively characterized regardless of the specific conditions (e.g.,
temporal resolution, catchment size, and climatic regime) under which empirical surveys were carried
out? To fill this gap we introduce the concept of Stream Length Duration Curve (SLDC), which is inspired
by the analogous hydrological concept of Flow Duration Curve. SLDCs are proposed as a general tool to
quantify the natural temporal variability of the active stream network under a broad range of field set-
tings. Moreover, we combine theoretical analyses and field data to address the following additional issues:
(i) What is the link between the features of the local hydrological status of the network nodes and the
shape of the SLDC? (ii) Does the activation of temporary river stretches in intermittent rivers follow some
identifiable order?

These research questions are tackled exploiting a statistical approach that allows the identification of a set of
objective metrics for the characterization of stream network dynamics. In particular, we focus here on the
main statistics of the total active length, andwe relate these key network‐scale properties tomeasurable, local
hydrological features such as the persistency of the network nodes and the underlying spatial correlations.
The combination of analytical tools, numerical simulations, and empirical data employed in this paper elu-
cidates themain physical and statistical drivers that control active length variations in temporary streams. An
overview of themajor implications for processes understanding and stream networkmodeling/monitoring is
also provided.

2. Theory
2.1. Theoretical Framework

Let us define a dynamical stream network through a set of N nodes with arbitrary spatial coordinates within
a 3‐D space, representative of the terrain of a given landscape. In this framework, the dynamical nature of
the stream network can be probabilistically represented by a random shifting between two possible states
associated to each node: “active” or “dry.” From a mathematical viewpoint, the river network thus corre-
sponds to a vector of N binary random variables X= (X1, X2,… , XN), whose components are associated to
the N nodes of the network. Specifically, Xk (k∈ (1, N)) characterizes the local status of the kth node accord-
ing to the following coding scheme:

Xk¼
0 if the node is dry

1 if the node is active
:

�
(1)

Xk follows a Bernoulli probability distribution with parameter pk:
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Xk ∼ p xk
k ð1 − pkÞ 1 − xk ; (2)

where xk denotes a realization of the stochastic variable Xk and the symbol ∼ means “is distributed as.”
The mean and the variance of the dichotomic process at the node k, Xk, can be expressed as

E½Xk�¼pk

E½ðXk − E½Xk�Þ2�¼pkð1 − pkÞ;

where E[…] denotes expectation. Therefore, the parameter pk in Equation 2 represents the mean local per-
sistency of the node k (i.e., the average percentage of time during which the node k is active). The mean
local persistency (hereafter local persistency) can be estimated from independent field surveys as the sam-

ple mean of Xk, that is, pk¼
Nak
Nk

∈ ½0; 1�, where Nak is the number of surveys in which the node k is active

and Nk the number of times the node k was surveyed (see, e.g., Durighetto et al., 2020). It is worth noting
that the quantity pk is a local property in space, though temporally integrated.

The length of the active stream network at a given time is crucially dependent on two independent factors,
namely, (i) the fraction of stream length associated to each node and (ii) the sequence of nodes active at a
given time. In particular, the stream network length L can be expressed as

L¼X · Δl; (3)

where · indicates the scalar product and Δ l is a vector of lengths—Δ l= (Δl1,Δl2,… ,ΔlN)—whose compo-
nents represent the increase of overall stream length produced by the activation of each node of the net-
work. Δlk can be calculated (for every node) based on the network topology as the sum of the
semidistances between the node at hand and the connected neighboring nodes (upstream and down-
stream), suitably evaluated along the flow directions. Equation 3 shows that, due to the randomness of
X, the active stream network length is a random variable as well.

The sequence of nodes that are active at a given time can be characterized in a probabilistic way through the
definition of the joint pdf of the vector of N random variables Xk ,k∈ [1,N]. The joint pdf of the random vec-
torX is a multivariate Bernoulli distribution, with possibly correlated components. The analytical expression
of this multivariate distribution reads (e.g., Dai et al., 2013)

pðxÞ¼p
½∏N

j¼1ð1 − xjÞ�
00…0 p

½x1∏N
j¼2ð1 − xjÞ�

10…0 p
½ð1 − x1Þx2∏N

j¼3ð1 − xjÞ�
01…0 …p

½∏N
j¼1xj �

11…1 (4)

where pabc..z is the joint probability of X1 = a, X2 = b, X3 = c,… , XN= z and x= (x1, x2,… , xN) represents a
realization of X. In order to fully specify the joint pdf in Equation 4, the identification of a large number of
parameters (2N) is required. Therefore, the problem can be largely undetermined (i.e., overparametrized)
unless further simplifying assumptions are introduced.

The mean network length can be calculated based on the local persistency, taking the expectation of both
sides of Equation 3:

⟨L⟩¼∑
N

i¼1
pi Δli: (5)

Equation 5 shows that the mean length can be expressed as a weighted sum of the local persistency along the
network. Nevertheless, changes in the state (active vs. dry) of the nodes of the network, as induced by the
interaction of unsteady climatic forcing (e.g., a random sequence of rainfall events) and local geologic or
morphological properties, make the overall length of the flowing streams time variable. The variability in
time of the stream network length can be summarized through the variance of L that can be estimated from
Equation 3 as the variance of a linear combination of random variables:
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varðLÞ¼∑
N

i¼1
∑
N

j¼1
ΔliΔljCovðXi; XjÞ¼∑

N

i¼1
∑
N

j¼1
ρi; jΔliΔlj

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
pið1 − piÞpjð1 − pjÞ

q
; (6)

where Cov(Xi, Xj) is the covariance between Xi and Xj and ρi,j is the corresponding cross correlation (i.e.,
the covariance scaled to the product of the standard deviations of Xi and Xj). Equation 6 shows that, dif-
ferently from the mean network extension, the variability of the stream length through time is crucially
impacted by the spatial correlation structure of the sequence of random states Xk along the network.

The temporal variability of the length of the flowing streams can be characterized in a more detailed manner
through the probability density function (pdf) of L—or, alternatively, through the corresponding Cumulative
Distribution Functions (CDFs) of L (exceedance or nonexceedance probabilities). A general closed‐form
expression for the exceedance probability of the length of the flowing network, PL(L), can be written as

PLðLÞ¼Prob ½l ≥ L�¼Prob ½X ·Δl ≥ L�: (7)

The left‐hand side of Equation 7 represents the probability to observe a length of flowing streams larger than
(or equal to) L, while the right‐hand side of the same equation represents the CDF of a linear combination of
possibly correlated Bernoulli‐distributed binary random variables. Were these binary variables uncorrelated,
the pdf of the stream length would be expressed as a convolution ofN scaled Bernoulli pdfs, thereby originat-
ing a Binomial‐Bernoulli distribution when Δlk= const(k). Instead, the presence of mutual correlations
among the components of X, which is a reflection of the physical mechanisms that underlie river network
expansion and contractions, prevents a full analytical treatment of the problem in the general case, unless
further simplifying assumptions are introduced (see section 2.3).

Being a monotonic function of L, the exceedance probability of the active stream length, PL(L), can be
inverted and reinterpreted as the active SLDC, in analogy with the definition of flow duration curve that
is widely employed in the hydrological literature and in practical engineering to characterize the temporal
variability of the flow rate at a station (e.g., Castellarin et al., 2004; Doulatyari et al., 2015; Vogel &
Fennessey, 1994). This can be done graphically by putting all the possible active flow lengths (L) on the y axis
of a plot and then representing on the x axis the corresponding percentage of time, D(L), for which that spe-
cific length is equalled or exceeded (Figure 1). This produces a function L(D) that is the inverse of the excee-
dance probability of the active stream length given by Equation 7. By construction, the area underlying the
SLDC represents the mean length of the active streams, as given by Equation 5, while the slope of the SLDC
is proportional to the variance of L expressed by Equation 6.

As discussed above, the shape of the SLDC is a reflection of the degree of temporariness of the various nodes
of the network and the correlations among the states of the nodes. Understanding how all these factors are

Figure 1. Schematic of a Stream Length Duration Curve.
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mirrored by the shape of the SLDC and the corresponding time variability of the active stream network
length is one of the major goals of this study.

2.2. A Bayesian Model of Stream Network Dynamics

Given the complexity of the physical processes under investigation, a simplified probabilistic description of
the nodes state in the network can be helpful to quantify the effect of the expansion/contraction cycles experi-
enced by rivers on the temporal variability of the active stream length. Here, stream network dynamics are
described through a spatially correlated dichotomic stochastic process, in which the state of one node is seen
as a binary random variable (active/dry, see Equation 1) that is probabilistically linked to the state of another
(suitably identified) node in the network. In other words, pairwise joint pdfs representing the status of two
connected nodes are identified (Figure 2). If we now consider a generic couple of directly connected nodes
(say, the nodes j and i), the joint probabilities of the state of these nodes are identified by the following ele-
ments (Figure 2):

• pji11 ðprobability that the node jis active and the node iis activeÞ;
• pji10 ðprobability that the node jis active and the node iis dryÞ;
• pji01 ðprobability that the node jis dry and the node iis activeÞ;
• pji00 ðprobability that the node jis dry and the node iis dryÞ;

(8)

Figure 2. (a) Schematic of a Bayesian binary network with two possible states (active or dry). Each node, represented by
a circle, is identified by a number. Nodes are linked together by directed edges to represent the dependence structure of
the network. Blue labels represent marginal probabilities of node activation; orange labels indicate the correlation
between two nodes. (b) Schematic of the joint probability of activation of two connected nodes i and j, as indicated by the
blue labels. Active nodes (X= 1) are color coded as blue, while dry nodes (X= 0) are represented in gray. (c and d) Two
example configurations of possible states of the nodes. The active nodes may or may not be continuous along the
network.
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These joint pdfs are spatially variable (i.e., they do depend on the couple of nodes at hand, as reflected by the

notation) and must obey to the following additional constraints: pji11 þ pji10¼pj, p
ji
01 þ pji11¼pi, and p

ji
11 þ pji10 þ

pji01 þ pji00¼1(joint andmarginal pdfs must be consistent, and the total probability has to be conserved). A few
important remarks are in order: (i) This is a probabilistic model, and mechanistic cause‐effect relationships
affecting the sequential activation of different nodes are not necessarily represented in an explicit manner;
(ii) the pairs of connected nodes are not necessarily close‐by in the physical space (the probabilistic space
and the geometric space are different); (iii) assuming a direction in the connections between any pair of
nodes is necessary for the calculation of pairwise conditional pdfs and, thus, for the calculation of the joint
pdf of the node states according to the Bayesian paradigm. The directionality of the links allows the identi-
fication of a parent and a child node for each pair of connected nodes, such as the connection is directed from
the parent to the child. However, these directions might be arbitrary (i.e., they can be reversed provided that
only pairwise conditional pdfs are generated) and do not necessarily reflect causality (see Point (i) above).
Under the above assumptions, the correlation between two directly connected nodes Xi and Xj, ρij reads

ρi; j¼
pji11 − pi pjffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

pi pjð1 − piÞð1 − pjÞ
q : (9)

The correlation ρ given above quantifies the probability that two neighboring nodes are simultaneously
active or simultaneously dry. Nevertheless, the correlation can be calculated for both neighboring and non-
neighboring nodes. The correlation between two nodes k and m that are not directly connected can also be
expressed as

ρk;m¼ ∏
i:k − > m

ρi; i þ 1; (10)

where the product involves all the couples of directly connected nodes (i,i+ 1) that generate a path con-
necting the nodes k and m (see Figure 2). Therefore, the full correlation structure of the network is iden-
tified by the pairwise correlations of the states of neighboring nodes (hereafter, local correlations). Overall,
a dichotomic Bayesian network is thus defined through the specification of five attributes: (i) the number
of nodes N, (ii) the stream length associated to each node (i.e., the vector Δ l), (iii) the network structure,
that is, how each node is connected with the other nodes, (iv) the N local persistencies pi, and (v) the N− 1
local spatial correlations between neighboring nodes, ρi,j. The mean degree of correlation of the network,
⟨ρntwk⟩, can be then calculated as

⟨ρntwk⟩¼
1
N2∑

N

k¼1
∑
N

m¼1
ρk;m: (11)

Equation 11 expresses the overall correlation of the system as the average correlation existing among all the
possible couples of (directly or indirectly) connected nodes of the network. The ⟨ρntwk⟩ is a lumped measure
of the degree of spatial correlation of the random states X within a temporary stream.

A key element of the formulation is that the correlation between two nodes is constrained by the local per-
sistence of the two nodes. In fact, for a given couple of nodes i,j with local persistencies pi and pj≤ pi, the
maximum possible correlation between the nodes, ρmax

ij , is

ρmax
i; j ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
pjð1 − piÞ
pið1 − pjÞ

s
≤ 1; (12)

while the corresponding minimum possible correlation, ρmin
ij , reads

ρmin
i; j ¼−

pipj
ð1 − piÞð1 − pjÞ

 !β

≥ −1; (13)

where β= 1/2 if pi+ pj≤ 1 and β=−1/2 otherwise. Therefore, the full set of possible correlations (i.e., the
range (−1, 1)) is available only when pi= pj= 0.5. Otherwise, the maximum local correlation is upwardly
bounded or the minimum correlation is downwardly bounded. For example, two nodes with persistency
0.5 can display a correlation between −1 and 1, two nodes with persistency 0.9 have a correlation
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between −0.11 and 1, whereas for two nodes with persistencies (0.1,0.9) the correlation ranges between −1
and 0.11. In the supporting information we show the lower and upper limits of the local correlation as a
function of the underlying persistencies. It is worth mentioning that a unit linear Pearson correlation is
possible only in the case of pi= pj, for which two connected nodes can be systematically active at the
very same time. As one of the two local persistencies of the connected nodes (or both) tend to 0 or 1,
the upper limit of the local correlation approaches 0. The implications of these correlation limits on the
shape of the SLDC will be discussed in the following sections.

2.3. A Persistency‐Driven Hierarchical Model of Stream Network Dynamics

In this section, we describe a simplified case of the model presented in section 2.2, in which the switching on
of the various network's nodes during the expansion of the flowing streams takes place in a hierarchical way
—from the most persistent to the least persistent nodes. Mathematically, this implies that the nodes are first
reordered in a chain based on their local persistency, from the most to the least persistent (Figure 3). Then
pairwise connections are set between consecutive nodes (i.e., between the nodes i− 1 and i) imposing the

constraint pði − 1Þ i
01 ¼0 (in which the first subscript refers to the status of the most persistent node of the pair,

and the second subscript refers to the state of the least persistent) for all the possible pairs of directly con-
nected nodes. This does not imply that the underlying active stream network is spatially continuous, as
the reordering does not reflect the actual position of the nodes (two connected nodes can be far apart in
the physical space, as in the example of Figure 3). Under these assumptions, the three nonnull joint pdfs
defined in Equation 8 can be written as

pði − 1Þ i
11 ¼pi − pði − 1Þ i

01 ¼pi

pði − 1Þ i
10 ¼pi − 1 − pði − 1Þ i

11 ¼pi − 1 − pi

pði − 1Þ i
00 ¼ð1 − pi − 1Þ−pði − 1Þ i

01 ¼1 − pi − 1;

(14)

where the nodes i and i− 1 are two consecutive nodes in the chain, reordered by descending persistency
(i.e., pi< pi− 1).

Figure 3. Schematic of the hierarchical model applied to an example river network with eight nodes. (a) A representative
stream network drawn as a blue line that can be either active (continuous) or dry (dotted line). The nodes are active
(blue) or dry (gray) accordingly. (b) Schematic of the corresponding chain obtained by applying the hierarchical model.
The nodes are first reordered from the most to the least persistent and then direct connections between nodes are set. If
the condition pði − 1Þ i

01 ¼0 is set for all the neighboring nodes, then node activation follows the chain order (i.e., Node 1 is
the first to be activated, while Node 8 is active only when all the other nodes are already switched on). Note that the
reordering of the nodes allows the hierarchical model to describe also active stream networks that are discontinuous in
the physical space.
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This process represents a single chain, in which all the nodes with the same local persistency (i.e., same pi)
behave systematically in the same manner (they are all simultaneously switched on or switched off).
Moreover, a node with a given pi can be switched on only if all the network's nodes with a larger local per-
sistency are already switched on. In this case, a mechanistic relationship between pairs of nodes is intro-
duced as the switching on of the i− 1 node is a necessary (but not sufficient) condition for the activation
of the node i. The physical interpretation of this model is based on the idea that, during the network expan-
sion, a hydrological signal is propagated along the network when a given landscape portion becomes satu-
rated and, consequently, overland flow is generated.

Provided that the nodes are reordered according to a decreasing value of local persistency, each of the pos-
sible sequences of ordered nodes corresponds to a sequence of K (K∈ [0,1,2,… ,N]) active nodes (X1 = 1, X2

= 1,… , Xk= 1), followed by a sequence ofN− K dry nodes (XK+ 1 = 0, XK+ 2 = 0,… , XN= 0). Accordingly, in
Equation 4, the only nonzero terms of the joint pdf of X are those of the type p1000,… , 00, p1100,… , 00, p1110,… ,

00, …, p1111,… , 10, p1111… 11 and a single transition from 1 to 0 is allowed in the chain. As the position of each
node in the physical space is not explicitly specified in the stochastic model, a sequence of wet and dry nodes
of this type is consistent with a stream network in which the active reaches, during wetting, expand either
upstream or downstream (Durighetto et al., 2020). Furthermore, the hierarchical scheme is also suited to
describe active networks that are not continuous in the physical space because of nonmonotonic changes
of the local persistency along the network (see Figure 3 and section 5). Under the above assumptions,
Equation 4 can be simplified as follows:

pðxÞ ¼ p½∏
N
j¼1ð1 − xjÞ�

000; …; 0
p
½x1∏N

j¼2ð1 − xjÞ�
100; …; 0 p

½x1 x2 ∏N
j¼3ð1 − xjÞ�

110; …; 0 ; …; p
½∏N

j¼1xj�
111; …; 1: (15)

The transition between 1 and 0 in the chain is observed between the nodes i− 1, iwith a probability equal to
p10 = pi− 1− pi. Accordingly, the probability of a sequence of N consecutive active nodes is the probability
that the least persistent node of the network is active, pN. Likewise, the probability of a sequence of N con-
secutive dry nodes is the probability that the first node of the chain is dry, 1− p1. Therefore, the joint pdfs of
all the possible combinations of states appearing in Equation 15 can be expressed as

p000; …; 00 ¼1 − p1
p100; …; 00 ¼p1 − p2
p110; …; 00 ¼p2 − p3;

…;

p111; …; 10 ¼pN − 1 − pN
p111; …; 11 ¼pN :

(16)

Provided that the geometry of the stream network is described by the active lengths associated to each node,
the active stream length in this case only depends on the number of nodes active at a given time. Let us
define Li as the partial sum of the first i components of the vector Δl, that is,

Li¼∑
i

k¼1
Δlk; ði ≥ 1Þ; (17)

whereas L0 = 0 by convention. Li (i= [0,1,2,… ,N]) identifies the length of the stream network when i
nodes are active—only the nodes with persistency larger than (or equal to) pi. This instance is observed
with probability pi− 1− pi for 0 < i<N (see Equation 16). Therefore, a general expression for the pdf of
the stream length can be written as

pLðLÞ¼∑
N

i¼0
ðpi − pi þ 1ÞδðL − LiÞ; (18)

where δ(·) is the Dirac‐delta generalized function (ref), p0 = 1 and pN+ 1 = 0 to simplify the notation. The
SLDC can then be calculated by means of Equation 7, or simply integrating the stream length pdf shown
in Equation 18 as
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PLðLÞ¼∫L0 ∑
i¼N

i¼0
ðpi − pi þ 1Þδðx − LiÞdx¼∑

i¼N

i¼0
ðpi − pi þ 1ÞH½L − Li�; (19)

where H(·) is the unit Heavyside step function. Equation 19 is a linear stepwise function of L, and it can be
rewritten as

PLðLiÞ¼1 − pi: (20)

The right‐hand side of Equation 20 expresses the cumulative probability of the local persistency along the
network. Therefore, under the assumptions made, the SLDC can be seen as the spatial integral of the local
persistency. This means that the duration of a given length (say, L∗) is the exceedance probability of the local
persistency (interpreted as a spatial random variable) up to a suitable persistency threshold p∗(L∗). This
threshold is set in a way for which L∗ is the overall network length when only the nodes with persistency
larger than (or equal to) p∗ are simultaneously switched on. Equation 20 suggests that the temporal distribu-
tion of the active stream length is linked to the spatial distribution of the local persistency. This space‐for‐
time substitution for the estimation of the SLDC is allowed only when each node of the network constraints
the status of the node(s) with a smaller persistency according to the hierarchical model.

3. Methods

The analysis of the major statistical and physical determinants of the shape of the SLDC is undertaken using
observational data about the expansion/contraction dynamics of a real‐world river network and a set of
numerical Monte Carlo simulations of synthetic Bayesian networks.

3.1. Sensitivity Analysis With Synthetic Applications

The Monte Carlo simulations of synthetic networks consisted of a sequence of different steps, as detailed
below. First, the configuration of a simulation was defined by specifying the structure of the network and
the underlying statistical properties of the nodes. A Bayesian network is a Directed Acyclic Graph, in which
each connection between couples of nodes has a direction (such that the parent and the child nodes can be
identified, see section 2.2). Each node can be characterized by a single child or several children nodes,
thereby allowing for the specification of a variety of network structures that include the following end‐
members: (i) a chain, in which each node has only one child; (ii) a tree with a single root node (i.e., a node
without a parent), in which all the other nodes are directly connected to the one common parent. The struc-
ture is thus identified by assigning the connections among the nodes (parents and children). Afterward, the
local persistency of the network nodes and their correlations with the direct parents ρi− 1,i were sampled
from prescribed, independent pdfs. Different configurations were used to explore the impact of network
structure, local persistency, and spatial correlation on the shape of the SLDC.

For each configuration, 105 Monte Carlo realizations of the states of the nodes were performed, and the
length of the active streams was calculated for each realization. For the sake of simplicity, all the simulated
networks consisted in 1,000 nodes, to each of which we assigned a unit length (Δli= 1). Then, for each con-
figuration, 100 replicates of networks characterized by the same structure but a different population of cor-
relations and local persistencies were generated and simulated. This made the resulting analysis
independent on the specific samples of pi and ρi− 1,i contained within each network.

Finally, the Monte Carlo realizations were used to calculate the pdf of the active stream length, its CDF (i.e.,
the SLDC) and the related moments. For the first two moments, the values obtained from the Monte Carlo
simulations were compared to the corresponding analytical expressions (Equations 5 and 6), to exclude the
presence of possible biases in the numerical simulations.

Even though in the simulations of the synthetic networks a standard unit length was associated to each
node, our results could be easily extended to the general case of Δli≠ const, provided that each pi is properly
weighted with the corresponding Δli in the calculation of the mean petsistencies and correlations.

The degree of branching of the network was defined as the number of nodes in the network with more than
one child. Starting from a linear chain, several synthetic networks with a prescribed degree of branching
were obtained by reassigning a random parent to a subset of randomly selected nodes. The bigger the
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number of nodes belonging to this subset, themore branched the resulting
network. This technique ensures that the length of individual network
branches is exponentially distributed, in line with observational data
(Convertino et al., 2007). To eliminate the possible effect of the specific
structure of the network on the active length distribution, 100 different
networks were simulated for each degree of branching. Then, we analyzed
the full range of active length statistics obtained across the diverse tested
configurations.

3.2. Application of the Model to a Study Catchment

The analysis also exploited observational data about stream network
dynamics of the Valfredda river, a headwater stream in the Alps of north-
ern Italy (Figure 4). The catchment has a drainage area of 5.3 km2, and its
altitudes range from 1,500 to 3,000 m above sea level. Local lithology, land
cover, and geomorphology are spatially heterogeneous. This generates a
dynamical stream network with a broad range of local persistencies and
correlations. The climate of the area is Alpine, with an average annual
precipitation of 1,500 mm unevenly distributed throughout the year. In
particular, the seasonality of climate is reflected into short rainy summer
and long snowy winters. The active stream network was monitored
through 10 biweekly surveys from July to November 2018, encompassing
different hydrological conditions. The surveys were carried out scouting
each potential reach of the network and then recording the status of each
network node and the underlying GPS node coordinates. A total of 16.8
km of network was observed, and 504 nodes with an average spacing of
30m were used to characterize the spatial and temporal dynamics of the
network. The specific location of each node was identified based on field
surveys, so as to properly reproduce the geometrical complexity of the sys-

tem. The definition of the nodes enabled the quantification of the hydrological conditions along the different
stretches of the network based on the status of the reference nodes. The mean length of the stream reach
associated to a nodes was 30m, while the specific value for each node was estimated using a georeferenced
high‐resolution Digital Terrain Model. For more information about the study catchment and the field sur-
veys, the reader is referred to Durighetto et al. (2020).

The experimental surveys were utilized to calculate the mean local persistency of each node in the observa-
tion period and the overall active length during each survey. These data were in turn used to check the relia-
bility of the hierarchical model and for the estimate of the empirical SLDC in the Valfredda river, as detailed
below.

For each survey, the observed active stream network was compared to the corresponding prediction of the
hierarchical model. The latter consisted of a stream network map in which the nodes are switched on from
the most persistent to the least persistent until the length of active streams observed during the considered
survey is reached. Then, a confusion matrix was calculated to compare the observed and the modeled net-
work, and the F1 score was calculated as (Chinchor, 1992)

F1¼ 2TP
2TP þ FN þ FP

: (21)

In the above equation, TP (True Positive) quantifies the network length that the model correctly identifies as
active, FP (False Positive) is the length that the model wrongly predicts as active, and FN (False Negative) is
the length that the model wrongly predicts as dry. This score is a formal metric for assessing the accuracy of a
binary classification, particularly when the classes are unbalanced (e.g., under dry conditions when almost
all the network length is dry). The F1 score ranges between 0 and 1, with the condition F1 = 1 indicating the
absence of errors in the classification.

Figure 4. Bayesian network of the Valfredda river, northern Italy. Each
node is colored on the basis of local persistency.
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The empirical SLDC in the Valfredda river was finally obtained from the observed length of the active
streams during each survey via a plotting position (Leon Harter, 1983). This method consists in assigning
a cumulative probability to each observed active stream length as

PLðLÞ¼ r
nþ 1

(22)

where n is the number of surveys and r is the ordered rank of each surveyed length. This SLDC of the
Valfredda river was compared with the cumulative exceedance probability of the local persistency along
the network. The comparison was performed graphically and by means of the Mean Absolute Error
(MAE) among the nine couples of available quantiles.

4. Results

This section describes the results of a series of numerical Monte Carlo simulations that were designed to dis-
entangle the impact of the local persistency and its spatial correlation on the variability of the shape of the
SLDC. The analysis is undertaken by first focusing on the simplified case of linear chains (sections 4.1and
4.2). Then the results are extended to branching networks (section 4.3). Finally, The robustness of the hier-
archical model is tested using empirical data, and the features of the SLDC in a real‐world case study are ana-
lyzed (section 4.4).

4.1. Impact of the Local Persistencies on the SLDC

The effect of the nodes persistency on the shape of the SLDC was explored in Figure 5 by comparing the
results of a series of Monte Carlo simulations of six different network configurations. All the chains consid-
ered in Figure 5 share the same population of local correlations between directly connected nodes, ρi,j (see
caption of Figure 5). These chains differ in the spatial distribution of the local persistency across the nodes.
In particular, the SLDCs shown in Figure 5b were obtained by sampling the local persistencies of the nodes
from three beta distributions with a different variance and the same mean, as shown in Figure 5a. Likewise,
three normal distributions with a mean persistency ranging between 0.25 and 0.75 and a constant variance
(Figure 5c) were used to generate the SLDCs shown in Figure 5d.

Networks with the samemean persistency result in the samemean active stream length ⟨L⟩, regardless of the
underlying spatial distribution of pi, as shown in Figure 5b. Moreover, as suggested by Equation 5 and
Figure 5d, ⟨L⟩ is directly proportional to ⟨p⟩. However, ⟨L⟩ does not depend on the spatial and temporal cor-
relations of the status of the nodes, but only on their mean degree of persistency. This result stems from the
definition of the total active length L (that is the sum of the lengths associated to each active node, see
Equation 5), and from the mathematical definition of mean active length ⟨L⟩, which is here interpreted as
the time average of L.

The variability of network length is quantified by the slope of the SLDC, which is proportional to the var-
iance of L, var(L). Intermediate local persistencies (i.e., pi= 0.5) maximize the product pi(1− pi) in
Equation 6hence increasing the value of var(L). Analogously, in Figure 5d, the SLDC that corresponds
to the chain with a mean persistency equal to 0.5 generates a variance of L that is 35% higher than that
obtained in the other two cases shown in the same panel (that correspond to a mean persistency of 0.25
and 0.75). Accordingly, a decrease of var(L) can be observed, for a fixed mean persistency along the net-
work of 0.5, when the variance of p across the different nodes increases, an instance that reduces the rela-
tive frequency of the nodes with intermediate persistencies. This is shown in Figure 5b, where the slope of
the SLDC that corresponds to the smallest spatial variability of p is significantly higher than the slope of
the SLDC obtained in the other cases. Note that the spatial variability of p along the network may also
introduce significant constraints in the mutual correlations between nodes (see section 2.2), further redu-
cing the variance of L (see 4.2).

4.2. Impact of the Local Correlations on the SLDC

The shape of the SLDC is influenced by the local correlations of the node states. The analysis is based on the
results of the Monte Carlo simulation of six different network configurations, in which all the local persis-
tencies were extracted from the same beta distribution (see caption of Figure 6). The underlying local
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correlations, instead, were extracted from six different frequency distributions with heterogeneous means
and/or variances, as shown in Figures 6a and 6c.

The three SLDC obtained starting from three different normal distributions of the local correlation (with a
mean local correlation of 0.25, 0.50, and 0.75, see Figure 6a) are compared in Figure 6b. The resulting mean
degree of correlation of the network in the three cases is 0.0017, 0.0030, and 0.0071, respectively. Higher
⟨ρntwk⟩ produce steeper SLDCs and, consequently, a higher variability of L, as shown by the SLDCs in
Figure 6b (and predicted by Equation 6). The full distribution of the local correlation within the network
nodes, instead, does not affect the shape of the SLDC, if ⟨ρntwk⟩ is constant. Accordingly, the three SLDCs
reported in Figure 6d, which were obtained from three different distributions of the local correlation (see
panel c) sharing the same mean network correlation are perfectly overlapped.

The combined effect of different local persistencies and local correlations on the SLDC is shown in Figure 7.
Two different normal distributions for the local persistency (reported in Figure 7a) and two normal distribu-
tions for the local correlations (Figure 7b) were tested, and the four resulting SLDCs are shown in Figure 7c.
Higher correlations are associated to steeper SLDCs, leading to an enhanced temporal variability of the
active stream length. In fact, the two SLDCs that were obtained with the highest correlations (dashed lines)
display a variance of L that is about 4 times bigger than that obtained for a lower value of the local correla-
tions (solid lines). The effect of the local persistency on the slope of the SLDC, instead, is more limited, as the
use of intermediate persistencies (blue lines) produce an increase in var(L) of only 35% with respect to the
cases in which the local persistencies are higher (yellow lines). These results also indicate that networks
where intermediate persistencies are associated to high correlations are characterized by the steepest SLDCs.

Figure 5. Length duration curves (panels b and d) obtained from chains of 1,000 nodes, with local persistencies extracted
from the corresponding probability density function of panels (a) (beta distributions with ⟨pi⟩= 0.5) and (c) (normal
distributions with different means). Correlation between directly connected nodes are all extracted from a normal
distribution with mean equal to 0.5. The ⟨L⟩ depends only on ⟨pi⟩, while the var(L) and the shape of the SLDC depends on
the variability of the local persistency.
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4.3. Impact of the Network Structure on the SLDC

The effect of the degree of branching of the network on the SLDC and the temporal variability of the active
length is shown in Figure 8. The results of the simulations shown in the Figure are obtained starting from a
single chain with a predefined configuration, as detailed in section 3.1 (see also caption of Figure 8).

An increase in the degree of branching of the network produces an increase of the variance of the active
length var(L), as shown in Figure 8a. In fact, for a given set of local persistencies and correlations, the smaller

Figure 7. Length duration curves (panel c) obtained from chains of 1,000 nodes, with local persistencies extracted from
the corresponding normal distribution of panel (a) and correlation between directly connected nodes extracted from the
corresponding normal distribution of panel (b). Intermediate local persistencies increase var(L) of a factor 1.35, while
higher correlations increase var(L) of a factor 4.2.

Figure 6. Length duration curves (panels b and d) obtained from chains of 1,000 nodes, with local persistencies extracted
from a normal distribution with shape parameters a= b= 50, and an average of 0.5. The local correlations were sampled
from the three normal distributions shown in panel (a) (with ⟨pi⟩= 0.25,0.5, and 0.75) and from the three beta
distributions represented in panel (c) (with pi= 0.5). The shape of the SLDC (and consequently the variance of L)
depends on the average correlation among the nodes but does not depend on the particular spatial distribution of ρ.
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average distance between the nodes implied by a branching network ensures a higher correlation between
the nodes that are not directly connected (see Equation 10) and, consequently, a higher value of ⟨ρntwk⟩.
This is reflected by higher values of var(L) and a steeper SLDC, in agreement with the results shown in
section 4.2. Networks with a higher degree of branching also present a wider range of possible values of
var(L) (Figure 8a), because of the higher number of different spatial configurations that can arise in river net-
works characterized by a larger number of tributaries.

Three examples of networks with different degrees of branching and their corresponding SLDC are shown in
Figure 8b. The plot shows that, as the degree of branching increases, the SLDC is steeper—mirroring an
increase in the temporal variability of the active length.

This monotonic relationship among the degree of branching, the network‐scale correlation and the variance
of Lwas found to be systematic, although its magnitude might depend on the underlying values of local per-
sistency and correlation. In particular, the dependence of var(L) on the network structure is stronger when
the local correlations are higher, particularly if the integral scale of the process is larger than the mean dis-
tance between branching nodes (see section 5).

4.4. The Hierarchical Model and the SLDC of the Valfredda Catchment

The hierarchical model developed in section 2.3 is based on the assumption that the activation of the net-
work nodes takes place in a hierarchical way, from the most to the least persistent. The validity of this
hypothesis was tested using empirical data collected in the Valfredda catchment (see section 3). The bar plots
of Figure 9a show, for each of the nine field survey performed in 2018 within the study catchment, how the
observed active stream length is distributed among the different classes of local persistency (blue and red
bars). Similarly, the gray and yellow bars represent the different classes of local persistency of the dry stream
reaches during each survey. If the hypothesis of hierarchical activation was fulfilled, the persistency of the
active reaches should be higher than the persistency of all the dry reaches. For each field survey, the length
of the stream reaches that does not comply with the results predicted by the hierarchical model is shown in
Figure 9 as yellow and red histograms. In particular, the yellow shading indicates the length of the reaches
that the hierarchical model incorrectly predicts as active given the observed active stream length, while the
red shading represents the length of the reaches that the model incorrectly predicts as dry.

The error produced by the hierarchical model in reproducing the observed stream network dynamics of the
Valfredda catchment is very small (on average less then 3%, see Figure 9a). The performance of the hierarch-
ical model was formally assessed via the F1 score, which has an average value of 0.98. In the worst case (cen-
tral plot in Figure 9a, with F1 = 0.96), the overall length of the reaches that do not comply with the

Figure 8. Variance of the active length as a function of the degree of branching (a), and length duration curves of 3
networks with different structures (b). All the simulations were performed on networks composed of 1,000 nodes,
with local persistencies of 0.5 and correlations between directly connected nodes of 0.98. The light and dark shaded
areas represent the 5th to 95th and 25th to 75th percentile ranges. The effect of network branching is to decrease the
average distance between the nodes, thereby increasing ρntwk. Therefore, more branched networks originate steeper
SLDCs and a higher variability of the active length.
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hierarchical hypothesis is 500m out of 16.8 km, while in the other cases this length decreases below 300m.
Interestingly, the error of the hierarchical model is smaller for very long or short river networks (top and
bottom plots) and increases during intermediate wetness conditions of the catchment (middle plots).

The comparison between the empirical SLDC of the Valfredda catchment, which was obtained based on the
field surveys performed in the summer and fall of 2018, and the prediction of the hierarchical model, that is,
the cumulative exceedance probability of the local persistency along the network (Equation 20), is reported
in Figure 9b. The two curves display a very similar behavior, with a MAE between the quantiles of 0.32 km.
This confirms that spatial and temporal variability of streams are tightly linked, thereby allowing the
calculation of the SLDC as the cumulative exceedance probability of the mean persistency of the different
network nodes.

The SLDC embeds important information about the dynamics of the active stream network induced by cli-
matic variability. The value of the active stream length with a duration of 100% corresponds to the length of
the permanent streams of the network, which, according to the empirical observations, for the Valfredda
river is about 5 km. The difference between the maximum and minimum length, instead, is the total length
of the intermittent streams, approximately 11 km for this study catchment. About 4.5 km of temporary net-
work is active more than 50% of the time. The median length (9.3 km, corresponding to a duration of 50%) is
very similar to the mean length (9.2 km; see Durighetto et al., 2020), suggesting that the distribution of active
stream lengths is not significantly skewed. In the range of durations between 10% and 90%, the slope of the
SLDC is pronounced and uniform, thereby implying that the whole stream network is very dynamical, and
there are no preferential values of the active length that are observed with a particularly high probability.
The predicted increase in the slope of the SLDC for durations below 10% also suggests that a considerable
length of stream network (3.5 km) is activated only during extremely wet climatic conditions.

5. Discussion

Developing theoretical tools suited to quantify the effect of unsteady climate drivers on the temporal varia-
bility of the active stream length might be pivotal to make a synthesis of available experimental data

Figure 9. (a) Performance of the hierarchical model for the nine field surveys. Network length is classified by local persistence, and the predicted status from the
hierarchical model is compared with the empirical data. The nine plots in panel (a) refer to different surveys, ordered from the wettest (top left) to the driest
(bottom right). The smallest F score is 0.96. (b) Empirical SLDC of the Valfredda catchment obtained with the plotting position method (blue), compared with the
cumulative probability of the local persistency along the network (orange).

10.1029/2020WR027282Water Resources Research

BOTTER AND DURIGHETTO 15 of 21



gathered in different regions of the World and classify water courses based on the degree of persistency of
their stretches. In this context, the concept of SLDC—the inverse of the exceedance probability of the total
length of active streams—represents a flexible and simple mathematical tool that can be used by scientists
and policy makers to characterize the temporal variability of the active fraction of the network, providing
a benchmark for the assessment of the impact of stream network dynamics on a range of important hydro-
logical, ecological and biogeochemical processes.

5.1. Drivers of the SLDC

Our analysis shows that the mean length of a dynamical network is proportional to the mean degree of per-
sistency of its nodes, per se an extensive and site‐dependent hydrological feature. From Equation 5, in fact, it
follows that if we assume equally spaced nodes (i.e., Δli= const): ⟨L⟩= ⟨p⟩LN, where LN is the length of the
stream network during its maximum expansion (see Equation 17) and ⟨p⟩ is the mean persistency of all the
nodes. This result indicates that the average length of the actively flowing streams is only affected by the
local mean status of the different nodes, without being impacted by the underlying spatial and temporal pat-
terns of network expansion (contraction) during wetting (drying). Consequently, flashy streams, which
experience frequent expansion and contraction cycles in response to individual events, may display the same
mean active length exhibited by streams with slower seasonal dynamics.

The slope of the SLDC, instead, is a measure of the temporal changes in the length of the active stream net-
work, as induced by the underlying hydrological variability. Our results indicate that intermediate persisten-
cies and high correlations among the states of the network nodes tend to promote the temporal variability of
the length of the active streams. Consequently, we expect the effect of the expansion and contraction cycles
experienced by river networks on the temporal patterns of the length of active streams to be reduced under
very humid and very arid conditions, where the local persistencies of the network nodes might approach the
limiting values of unit and zero (Costigan et al., 2016; Ward et al., 2018). Furthermore, this result indicates
that an increase in the spatial correlation of the underlying hydrological drivers during the activation of tem-
porary reaches should enhance the observed temporal changes in the overall network length by increasing
the correlation of the status of the nodes. Note, however, that a constant length of the active streams (i.e., a
stepwise SLDC) does not imply the lack of any stream network dynamics. In fact, poorly correlated spatial
dynamics of river networks could potentially generate nearly constant active lengths.

Our results also reveal that, for a given distribution of local persistencies and local correlations, the presence
of branching river networks tends to increase the overall spatial correlation of the states of the network
nodes. Consequently, ceteris paribus, the temporal variability of the length of the active streams is higher
for branching streams, because the information about the state of each node has the opportunity to propa-
gate faster and more efficiently to the other nodes of the network. Therefore, during wet periods, the tem-
poral variability of the active stream length is expected to be higher than that observed during dry
periods, when the mean drainage density is lower. The increase of the temporal variability of the active
stream length associated with branched network structures is more significant when the underlying node
correlations are higher, so as the integral scale of the stochastic process that defines the states of the nodes
is larger than the mean distance between two nearest branching nodes. In fact, as suggested by Equation 10,
the correlation between two nodes decreases as their distance increases. Accordingly, when the local corre-
lations are small, the overall network correlation drops‐off and becomes roughly independent on the under-
lying network structure. For instance, in the Valfredda river, the observedmean correlation of the dynamical
fraction of the network is 0.6. Under these circumstances, the effect of the network structure on the shape of
the SLDC proved to be less important than that produced by other factors, such as the distribution of the
local persistency and its correlation.

The numerical simulations performed using synthetic networks enable the identification of the full hierar-
chy of controls on the main probabilistic features of the active length in intermittent watercourses. The most
important statistical property that drives the dynamics of the active fraction of temporary streams is the local
persistency of the nodes that affects both the mean and the variance of L. The local correlation, instead, acts
as a second‐order control of the SLDC, in that low network correlations tend to decrease var(L), as per
Equation 6. Finally, the degree of network branching is the least important driver of the SLDC, as network
structure matters only when the mean network correlation is particularly high.
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It is worth mentioning that the SLDC is a flexible statistical index that can be used to describe active length
variations over a broad range of timescales, from single events to full seasons or years. The reference tem-
poral scale of the SLDC, in fact, can be arbitrarily defined depending on the hydrological processes of interest
(e.g., storm dynamics, seasonal wetting‐drying cycles, and interannual hydroclimatic fluctuations), possibly
taking into account the temporal resolution of available data for the estimation of the local perisitencies
throughout the network (see section 5.3). Analogously, the SLDC enables the description—and possibly also
the comparison—of active stream dynamics at different spatial scales, from small headwater catchments to
large rivers. The main constraint associated to the application of this approach to large spatial scales is the
huge empirical effort required for the monitoring of network dynamics in large river basins (but see
section 5.3).

Overall, our results show that the SLDC is able to summarize the extent and variability of a dynamical
stream integrating the effect of diverse hydrological features of its nodes. The average active length is repre-
sented by the area below the SLDC, while the extent of the maximum (i.e., potential) and the permanent net-
works are quantified by the active lengths that correspond to a duration of 0% and 100%, respectively.
Accordingly, the SLDC of a temporary stream that completely dries out for some time during the year should
be characterized by a distinctive intersection with the x axis for D< 1. Instead, the slope of the curve quan-
tifies in a graphical manner themagnitude of network dynamics, with higher slopes in the SLDC indicating a
higher variability of the active length. Likewise, heterogeneous slopes across different durations ranges sug-
gest the presence of spatial and temporal heterogeneities in network dynamics, originated, for example, by
the simultaneous presence of multiple preferential frequencies in the expansion and contraction cycles of
temporary streams.

For the above reasons, we believe that the SLDC may be a useful tool to effectively characterize the extent
and variability of the active network in rivers, providing a basis to quantitatively compare stream dynamics
across different climatic regions and objectively classify temporary rivers.

5.2. Hierarchical Activation of the Stream Network

The empirical estimate of the SLDC of the Valfredda river (Italy) during the summer and fall of 2018
revealed that the SLDC of a humid headwater catchment located in the Alpine region can be quite steep
and regular, thereby evidencing a pronounced and constant sensitivity of the length of active streams to
the underlying hydrological conditions. Biweekly empirical data collected in the Valfredda catchment also
indicates that the activation of the different stretches of the river network during the study period follows
a systematic order in which the most persistent stretches are activated first, while the least persistent reaches
are active only when the river network is fully expanded. This implies that the activation of nodes during
wetting always follows a predefined order, dictated by their persistency, and the subsequent network con-
traction follows the inverse order (i.e., the last parts of the network that become active are also the first to
dry out). The observed dynamics of the active length in the Valfredda catchment were found to correlate
with the 5 and 35 days antecedent precipitation, suggesting that this hierarchical behavior holds within sin-
gle storm events and seasonally (Durighetto et al., 2020). Whereas more data would be needed to verify the
generality of this hierarchical activation rule under different field conditions (e.g., climate, geology, and
catchment size), the potential implications of this phenomenon for the mapping and the modeling of stream
network dynamics are manyfold.

First of all, when the activation of temporary streams is hierarchical the temporal variability of the stream
length, as quantified by the SLDC, corresponds to the spatial CDF of the local persistency (space‐for‐time
substitution). This means that under ergodic conditions, different portions of the network could be surveyed
during disjoint periods to estimate the spatial patterns of pk (Equation 2) and then this information could be
used to estimate the SLDC at larger scales. This is feasible because the hierarchical hypothesis postulates that
the activation of nodes with the same local persistency is synchronous. Therefore, if the local persistencies of
different portions of a whole network are known, the behavior of some nodes can be reconstructed from syn-
chronous observations about the status of other nodes. As the full‐mapping of the active streams is highly
time‐consuming even in relatively small rivers—and almost impractical for larger catchments—the
space‐for time substitution implied by the hierarchical behavior of temporary streams would enhance our
ability to estimate the observed changes of the stream network length in relatively large rivers.
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Second, the hierarchical activation/deactivation of temporary streams according to their mean persistency
establishes a one‐to‐one relationship between the total length of the active streams and the spatial pattern
of active streams, provided that the mean local persistency of each node can be independently estimated.
This could be useful to interpolate observed active stream maps through time, and to extrapolate in space
the available surveys of flowing streams (e.g., exploiting the assumption that all streams with the same per-
sistency are simultaneously activated and deactivated, see section 2.3).

Finally, the hierarchical scheme of stream expansion is a possible indirect manifestation of causality in the
activation/deactivation of temporary network stretches. According to the hierarchical scheme, the activation
of a reach with a high persistency is a necessary but not sufficient condition for the activation of all the
stretches with a lower persistency. Therefore, the validity of the hierarchical scheme suggests the presence
of a hydrological signal that propagates during wetting from themost humid sites of the catchment (that host
the most persistent streams) to the least humid areas (where the most temporary streams are located). The
hierarchical scheme is compatible with the concept of Variable Source Areas (VSA), which predicts a pro-
gressive expansion of saturated areas around the permanent river network during wetting (Bernier, 1985;
Hewlett & Hibbert, 1967; Hibbert & Troendle, 1988); however, while the VSA concept typically originates
connected river networks, this is not necessarily true for the hierarchical activation model of temporary tri-
butaries in dynamical river networks. In fact, the degree of persistency of the different nodes might not be a
monotonic function along a given flow path, as local disconnections can be observed in response to hetero-
geneity of topographic and soil features (see Durighetto et al., 2020). Under these circumstances, the hier-
archical model generates dynamically disconnected stream networks. This is in line with the presence of
dynamic stream networks generated by a shallow water table that raises and falls within a complex topo-
graphic and geologic setting, depending on the underlying hydrological conditions, and intersects different
portions of the landscape (Bertassello et al., 2019; Costigan et al., 2016). A systematic hierarchical activation
driven by the underlying persistency is, instead, not compatible with the presence of marked internal hetero-
geneity in the input climatic signal, which would lead to the selective activation of diverse portions of the
stream network, regardless of their mean degree of persistency. This selective activation of different reaches
in response to heterogeneous forcing, would reduce the spatial correlation of the nodes states, breaking the
one‐to‐one relationship between the overall length of the active streams and the persistency of active nodes.
Consequently, the assumption of hierarchical activation of the temporary streams of the network would not
hold any longer. Our data seems to suggest that such internal climatic heterogeneity is not the main driver of
the observed stream network dynamics in the Valfredda catchment. Nevertheless, more research with a big-
ger data set is necessary to properly constrain the spatial and temporal scales within which the activation
and contraction of temporary streams is hierarchical in other contexts.

5.3. Limitations and Prospects

In spite of the generality of the analytical derivations of this paper, it is worth highlighting that the theore-
tical tools developed in this paper are purely statistical. As such, they have limited predictive power, unless
they are properly complemented by physically based models able to uncover the major physical determi-
nants of the spatial patterns of stream persistency and its correlation. Another important limitation of the
approach is that only temporally averaged statistics of the active length are investigated, while all the tem-
poral correlations of network dynamics are not analyzed. Furthermore, the approach itself is intrinsically
demanding from the viewpoint of the data that are necessary for its application and implementation. In fact,
the key element of the whole theory is the local persistency of the network nodes, which needs to be esti-
mated from empirical surveys of the active portion of the network due to the current lack of predictive mod-
els of stream dynamics. As the local persistency is the sample mean of the status of each node (see Equations
1 and 2), these field surveys should be independent and in sufficient number to ensure a reasonable repre-
sentation of the network dynamics at the temporal scales of interest. The number of empirical surveys proves
crucial not only to constrain theminimum frequency of network dynamics that can be captured by the SLDC
(roughly, the mean interarrival between the surveys) but also to set the number of different quantiles avail-
able in the empirical SLDC. On this basis we hypothesize that about 5 to 10 independent surveys should be a
minimum requirement for constructing a reliable SLDC at intra‐annual timescales. For longer periods,
instead, the above numbers are likely to generate a significant underestimation of the event‐based variability
of the active network. Nevertheless, the reliability of empirical estimates of p can be enhanced if the field
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surveys are informed by available rainfall or stream flow data (Durighetto et al., 2020; Jensen et al., 2017).
Moreover, the operational efforts associated to the mapping of active streams could be significantly reduced
if the mathematical properties of the hierarchical activation of temporary streams are exploited, provided
that the status of some nodes can be deduced from the status of other nodes in the network. Ongoing
research is also devoted to develop modeling tools for estimating the local persistency with the support of
climatic and physiographic features. Such models could be very helpful to further reduce the empirical
efforts necessary to estimate the persistencies of the nodes in temporary river networks.

In spite of the above limitations, and the data‐demanding nature of the proposed approach, we believe that
the framework developed in this paper provides a strong basis to define general and objective metrics for the
quantification river network dynamics and offer useful insights on the complex relationship between local
and catchment‐scale network attributes of temporary streams.

6. Conclusion

In this paper we have developed a stochastic framework suited to objectively quantify the impact of unsteady
climatic drivers on the length of the active flowing network. In particular, we have proposed and formalized
the concept of SLDC, a novel hydrologic index that can be used to summarize efficiently the effect of hydro-
logical variability on the extent of the flowing stream network under a variety of climatic conditions and field
settings. A stochastic model has been developed to link the shape of the SLDC to the local persistency of the
stream network nodes and its spatial correlation. The theoretical and empirical analysis carried out in this
contribution brought us to formulate the following key conclusions:

1. Themean length of the stream network is solely dictated by themean persistency of the different nodes of
the stream network. The higher the overall average of the node persistencies, the higher the mean length
of the active streams and the area of the SLDC.

2. The shape of the SLDC, instead, is driven by the pdf of the local persistencies and, to a lesser extent, their
network‐scale spatial correlation. In particular, intermediate persistencies and highly correlated states
enhance the network length dynamics, thereby implying steeper SLDCs. Conversely, low or high persis-
tencies, and poorly correlated states smooth the changes of the active stream length through time, and
originate nearly horizontal SLDCs.

3. The presence of branching river networks enhance the overall network‐scale correlation, especially
when the integral scale of the nodes states is higher then the mean distance between two subsequent tri-
butaries. This circumstance in turn increases the active network length variability, originating steeper
SLDCs.

4. The SLDC of the Valfredda river was estimated based on 10 field surveys conducted during the summer
and fall of 2018. The SLDC of this humid headwater catchment of the Italian Alpine region is quite steep
and regular, with an average slope of 1 km for percentile. This reflects a pronounced sensitivity of the
length of active streams to the underlying hydrological conditions.

5. Observational data also suggest that the activation of the different stream reaches during network expan-
sion in the Valfredda river is systematically hierarchical, from the most persistent to the least persistent
nodes. The same applies during the network contraction that proceeds from the most temporary to the
least temporary stream reaches of the network. This hierarchical activation of the reaches of the stream
network is possibly a reflection of causality (i.e., presence of common hydrological drivers in the contri-
buting catchment).

6. When the activation of the stream network is hierarchical, as described above, the state of the network
nodes is highly correlated and the temporal variability of the network length is enhanced; under these
circumstances, the SLDC corresponds to the spatial CDF of the persistency of the different nodes in
the network (i.e., space for time substitution is allowed).

This study provides a basis for the development of comparative studies of stream network dynamics across
different climatic regions and offers a clue for the development of stochastic and mechanistic models for the
expansion and contraction of actively flowing streams.

Data Availability Statement

All the empirical data used in this study is publicly available, see citations in text.
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